were used for the three commercial Nile tilapia traits described as; where, y is the vector of phenotypes, b is the vector of fixed effects that account for 1 3 8 batch (7 levels), difference of age during harvesting (15 levels), filleter for the traits 1 3 9 FW and FY (2 levels); u is the vector of random genetic effects; e is the vector of the For GBLUP, the numerator relationship matrix A was replaced with the genomic 1 4 8 relationship matrix (G). The G matrix was constructed [23] as follows:
is a centered marker matrix, the sum in the denominator is over all loci and 1 5 0 ‫‬ is the allelic frequency at locus i. Multivariate models were built on the univariate models and are described as;
where, the symbols represent the same vectors as described in the univariate 1 5 4 analysis, with the subscripts BW, FW and FY denoting the traits the vectors are 1 5 5 associated with. For PBLUP models in multivariate approach, the distributional 1 5 6 assumption of the random effects are structured as;
The symbols represent the same variance components as described in the Comparison between the predictive ability of PBLUP and GBLUP models was allows us to mask the phenotypes of ~10% of animals, which is predicted using the 1 6 8
phenotypes of the rest of the 90% phenotypes. Three different cross-validation methods were used to quantify the prediction 1 7 0 accuracy of the models. With the "random cross-validation" method, the dataset was 1 7 1 randomly divided into 10 batches, predicting one batch at a time using the 1 7 2 phenotypes of the remaining 9 batches. Similarly, with "within family cross-validation" 1 7 3 method, the phenotypes of (as close as possible to) 10% of the animals within a full- with the sib-testing strategy usually done for invasively measured traits like FY. Finally, with the "across family cross-validation" method, the phenotypes of all the families are used to predict the masked phenotype. This scenario is appropriate
where phenotype collection for all the population is very expensive and we measure 1 8 1 the phenotypes in few families only or in different cohorts of fish. for the fixed effects in one replicate. Results were averaged over the 5 replicates. The obtained mean value of correlation was converted to the expected prediction Heritabilities obtained from multivariate genomic models were used to assess the 1 8 8 prediction accuracy. Standard error of prediction accuracy was calculated as [24];
In addition, regression coefficient of phenotypes adjusted for the fixed effects on 1 9 0
GEBVs or EBVs were used as to assess the bias of the prediction. Theoretically, a 1 9 1 regression coefficient of 1 indicates unbiased prediction, whereas the value <1 calculated from the five replicates. Descriptive statistics for the three traits: BW, FW and FY are presented in Table 1 .
The mean (± standard deviation) phenotypic measurements for BW, FW and FY 2 0 0 were 817.37 (± 261.11) g, 300.01(± 107.34) g and 36.40% (± 2.5%), respectively. The coefficient of variation ranged from about 7% for FY to as high as 36% for fillet in Supplementary Figure S1. Estimates of heritabilities 2 1 0
Estimates of variance components and heritabilities using univariate and multivariate 2 1 1 approaches are presented in Table 2 , whereas the genetic and phenotypic 2 1 2 correlation between the traits obtained using multivariate approach is presented in were slightly higher for the traits BW and FW, compared to univariate approach. 2 1 7
The results indicated a slightly unfavorable genetic correlation between FY and BW 2 1 8 (albeit non-significantly different from 0). The genetic correlations with the trait FY was higher for PBLUP models in multivariate approach, compared to GBLUP. whereas the values on the right (4x4 square) are based on GBLUP. Heritabilities are 2 3 2 presented in the diagonal, genetic correlations below the diagonal and phenotypic Impact on the genetic evaluation 2 3 5
The correlation of the EBVs and/or GEBVs using two different approaches, namely 2 3 6 univariate and multivariate, and two different models (PBLUP and GBLUP) within 2 3 7 each approach are presented in Figure 2 . In general, the use of multivariate vs. univariate approaches affected the ranking of 2 3 9
the breeding values, with correlations between EBVs/GEBVs ranging 0.86 to 0.98. There was less reranking among GBLUP univariate and multivariate approaches, higher correlation between models and approaches and BW had lowest correlation 2 4 5 between models and approaches. Thus, FY showed the least differences and BW 2 4 6
showed the major differences in the genetic evaluation by the use of different models that careful selection of the model and approach has to be done, so that the genetic 2 4 9 gain can be maximised. animals were observed using different models (PBLUP and GBLUP) and going from PBLUP to GBLUP, which is consistent with the outcomes of the were observed using GBLUP univariate and GBLUP multivariate approaches, as 2 5 9
1 9 the across model cross-validation method. prediction bias. "Across family cross-validation" method is presented as "across", 2 9 9 "within family cross-validation" method as "within" and "random cross-validation" 3 0 0 method as "random. The models with univariate approach are shown as PBLUP and 3 0 1 GBLUP, whereas the models with multivariate approaches have suffix "multi" in the Genomic heritabilities have previously been reported for the commercial traits in Nile 3 0 6 tilapia [26, 27] , but these studies fail to report the predictive abilities of the genomic 3 0 7
and pedigree based models. In another study, increase in prediction accuracies was 3 0 8
indeed reported for Nile tilapia [28] , based on univariate single-step GBLUP models.
3 0 9
Thus, to the best of our knowledge this is the first report comparing prediction 3 1 0 accuracy using both univariate and multivariate approaches with GBLUP models and 3 1 1 pedigree-based models in Nile tilapia. Thereby, these are the first reports on 3 1 2 heritabilities and correlations using multivariate genomic models. Genomic selection increases prediction accuracy in Nile tilapia 3 1 4
The increase in the prediction accuracy using GBLUP models, is due to the more Mendelian sampling effects using genomics (Figure 4) . Using PBLUP models all full-3 1 7 sibs (without own phenotype) have identical EBVs, which is the parental average. the putatively best (unphenotyped) candidates within a full-sib family can be 3 2 0
identified. This explains the very low accuracy (near to 0) in across-family cross-3 2 1 validation methods using PBLUP. Thus, the benefit of using genomics to predict the 3 2 2 breeding values is very significant for invasive traits, where the breeding values of handful of full-sib families due to expensive phenotype measurement. The lower prediction accuracy for the traits BW and FW, compared to FY across all 3 3 2 the models and approaches may be related to the heritability and the genetic 3 3 3
architecture of the trait [29, 30] . The expected accuracy of prediction has been given design used in the current study made it impossible to fit complicated models to 3 4 8 separate non-additive and maternal effects. Further, the prediction accuracy for these commercial traits is somewhat lower than 3 5 0 that have been reported in Nile tilapia [28] and other species [5, 6] . One of the 3 5 1 reasons for this might be our data structure. In the study we have 20 full-sib families prediction accuracy might be the sample size. It has been stated that 2NeL number 3 5 7 of animals are required to achieve accuracies higher than 0.88 [33], and the 3 5 8
accuracy decreases with the decrease in the sample size and vice versa. In GST® 3 5 9 strain of Nile tilapia, this suggests that we need at least 2304 animals (Ne= 83
